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1. Evaluation on Partial Domain Adaptation
Our method is also applicable for partial domain adapta-

tion as it ensures a favorable alignment of each local class.
So, we further compare our method with those partial do-
main adaptation approaches under Office-31-PDA for more
comprehensive investigation. The evaluation results are
shown in Table 1. Specially, for reducing the class unbal-
ance problem in partial domain adaptation, we follow PA-
DA [2] to down weight those uncommon classes learned
from the model during training process.

DAN [7], DANN [4], ADDA [12], RTN [9] and LEL
[10] are methods for standard domain adaptation and they
are straightforwardly applied to the partial domain adapta-
tion for comparison. These methods all align domain distri-
bution in a global manner and without handling the negative
transfer in partial domain adaptation. Hence, the perfor-
mance of them are not so good, especially DAN [7], DANN
[4] and ADDA [12] even perform worse than the source
model without any adaptation. MCDDA [11], DupGAN
[6] and CDAN [8] considers category discrimination dur-
ing adaptation leading to better domain adaptation perfor-
mance. As can be seen from Table 1, our method GSDA
obtains the state-of-the-art performance, and even outper-
forms SAN [1], PADA [2] and ETN [3] that are particu-
larly designed for partial domain adaptation. This superi-
or improvement can be safely attributed to the considera-
tion of the consistency between global and local distribution
alignment, which can naturally only calibrate those com-
mon categories and ignore those categories that only appear
in source domain.

In experiment of partial domain adaptation, we also find
that our method is more stable and robust than the previ-
ous related works. Figure 1 displays the testing accuracy
of different methods w.r.t. different training iterations in
adaption from A31 to W10. As can be seen, the testing
accuracy of DANN, which is a global alignment method,
decreases dramatically during training because only align-
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Figure 1. The comparison of testing accuracy of the existing meth-
ods and our GSDA w.r.t. models from different training iterations
on experiment of A31→ W10. Best viewed in color.

ing the global distribution will result in negative transfer
on the uncommon classes. The accuracies of SAN with
class-wise alignment and SAN+PADA with both global and
class-wise alignment are more stable but still have slight
drops. Surprisingly, the testing accuracy of our method
grows up steadily in the whole training process demonstrat-
ing its robustness and effectiveness.

2. Visualization of the Distribution Calibration
Process of GSDA

In this part, the detailed optimizing process on selected
three classes from source and target domains is visualized
for better understanding of the proposed method. Figure 2
shows the aligning process of two methods, our GSDA, and
a baseline GSDA w/o gs (i.e., GSDA without hierarchical
gradient synchronization). As can be seen, initially both
methods misalign the category of ring binder marked in di-
amonds with the category of notebook in target domain.
Unfortunately, the GSDA w/o gs makes the optimization
go further along this wrong direction as only this way can
make its objective loss continually becomes smaller, and
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Table 1. Object classification accuracy of partial domain adaptation tasks on Office-31-PDA (ResNet50). All methods follow the same
settings, so most results are directly from the original works except those ones marked with stars which are tuned using the released codes.

Method A31 → W10 D31 → W10 W31 → D10 A31 → D10 D31 → A10 W31 → A10 Avg
ResNet50 [5] 54.5 94.6 94.3 65.6 73.2 71.7 75.6

DAN [7] 46.4 53.6 58.6 42.7 65.7 65.3 55.4
DANN [4] 41.4 46.8 38.9 41.4 41.3 44.7 42.4
ADDA [12] 43.7 46.5 40.1 43.7 42.8 46.0 43.8

RTN [9] 75.3 97.1 98.3 66.9 85.6 85.7 84.8
LEL [10] 73.2 93.9 96.8 76.4 83.6 84.8 84.8

MCDDA* [11] 67.8 96.6 99.4 70.1 70.4 73.8 79.7
DUPGAN* [6] 92.5 96.3 100.0 89.2 91.2 92.3 93.6

CDAN* [8] 83.4 98.3 99.4 89.2 93.8 92.3 92.7
PADA [2] 86.5 99.3 100.0 82.2 92.7 95.4 92.7
SAN* [1] 92.2 100.0 98.7 93.0 95.3 94.8 95.7
ETN [3] 94.5 100.0 100.0 95.0 96.2 94.6 96.7

GSDA (Ours) 97.6 100.0 100.0 97.5 96.0 95.7 97.8

Figure 2. The feature (f ) distribution of several categories during training process in Office-31-DA A → W adaptation: (a) distribution of
GSDA w/o gs with some misalignment, and (b) distribution of GSDA with better alignment. The blue points denote samples from source
domain. The red and pink points denote samples from target domain, that are aligned correctly and incorrectly respectively. The three
columns represent distribution of the selected three categories in iteration 2000, 4000 and 6000, respectively. The same category from two
domains are marked with the same shape and different categories are marked with different shapes. Best viewed in color.

not surprisingly the two categories become even closer in
the subsequent iterations as shown in Figure 2(a). This mis-
alignment will cause inconsistency between local discrim-
inators and global domain discriminator, which pushes our

GSDA method to penalize this wrong optimization and pull
the boundary sample back to the right path, ensuring correct
category alignment as shown in Figure 2(b).



3. Sensitivity of on Hyper-Parameter Selection

We investigate the sensitivity of the hyper-parameters
of our method, including α = {0.02, 0.05, 0.2, 0.5} for
balancing the entropy loss, β = {0.5, 1.0, 5.0, 10.0} for
balancing the gradient synchronization, and the number
of groups b = {3, 4, 5, 6, 13}. The performance of our
method with these different hyper-parameters changes less
than 1.0%, demonstrating that our method is not so sensi-
tive to the hyper-parameters. So we present the best perfor-
mance shown in Tables 2,3,4 with the corresponding hyper-
parameters introduced in Section 3.1 in the manuscript.
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